ABSTRACT. A detailed analysis was conducted of the effects of climate change and increased carbon dioxide (CO 2 ) concentrations on corn yield in the U.S. with a crop model using outputs from multiple general circulation models (multi-GCMs
any studies related to climate change impacts on agricultural productivity have been conducted since the early 1990s. Rising temperatures and changes in precipitation amount and pattern, the frequency of extreme hydrologic events, and atmospheric carbon dioxide (CO 2 ) concentration can have significant impacts on agricultural productivity (e.g., Rosenzweig et al., 2014; Johnston et al., 2015) .
In North America, Izaurralde et al. (2003) showed that corn yields would increase (on average 3% to 6% without CO 2 -fertilization effects and 16% to 18% with CO 2 -fertilization effects) for the Great Lakes, Corn Belt, and Northern Plains regions in 2090-2099 from baseline levels under HadCM2 climate scenarios. Reilly et al. (2003) showed that climate change would be beneficial to C3 and C4 crop productivity in the U.S., except for the southern U.S., and the benefits would increase in 2090 compared with 2030 for two climate scenarios even though temperature increases are quite large by 2090 in the Canadian Center Climate Model. Ko et al. (2012) indicated that the projected negative effects of rising temperatures on C3 and C4 crop production dominated any positive impacts of CO 2 increases in the U.S. Central Great Plains and that simulated adaptation via changes in planting dates does not significantly mitigate the yield losses. Islam et al. (2012) found that the mean decrease in corn yield for four emission scenarios (SRES B1, A1B, A2, and a combination of all emission scenarios) ranged from 17.1% to 21.0% and from 20.7% to 27.7% during the 2050s and 2080s, respectively. Moreover, Long et al. (2006) pointed out that elevated CO 2 levels enhance global crop yields ~50% less than in enclosure studies and cast serious doubt on projections that rising CO 2 concentrations will fully offset losses due to climate change. Ultimately, quantitative assessments of climate change impacts on agricultural productivity have a degree of uncertainty, including contrasts in results arising from a range of differing crop and climate models (Rosenzweig et al., 2014) . These facts indicate that research using models and model inputs characterized by less uncertainty are needed to accurately project the impacts of climate change on the production of important crop species, such as corn, wheat, and rice, for food security. A necessary approach for the generation of climate projections and the reduction of related uncertainties is to use the ensemble mean over multiple general circulation models (multi-GCMs) (Giorgi et al., 2008) . However, only limited work has been carried out on simulations by optimized crop models using the latest multi-GCMs and its ensemble to estimate the uncertainty in climate change impact predictions.
Drawing from the above insights, the objectives of the present study are to (1) establish the impacts of climate change on corn yield in the U.S. for the 2050s (average of [2041] [2042] [2043] [2044] [2045] [2046] [2047] [2048] [2049] [2050] [2051] [2052] [2053] [2054] [2055] [2056] [2057] [2058] [2059] [2060] and the 2070s (average of [2061] [2062] [2063] [2064] [2065] [2066] [2067] [2068] [2069] [2070] [2071] [2072] [2073] [2074] [2075] [2076] [2077] [2078] [2079] [2080] under the representative concentration pathway 8.5 (RCP8.5) scenario across multi-GCMs, and (2) evaluate changes in corn yield in response to changes in CO 2 concentration.
MATERIALS AND METHODS

CROP MODEL
The Environmental Policy Integrated Climate (EPIC) model version 0810 (Williams, 1995) was used to simulate corn yields in the U.S. (23° to 50° N and 120° to 60° W). The EPIC model simulates crop growth in response to weather, soil, and crop management on a daily time step and has been continuously extended into a comprehensive soilwater-atmosphere-crop-management model. This model has been used in the U.S. and worldwide for various purposes, including climate change impacts on crops (e.g., Liu et al., 2007; Causarano et al., 2008; Chavas et al., 2009; Niu et al., 2009; Tingem and Rivington, 2009; Balkovič et al., 2013; Rosenzweig et al., 2014; Bhattarai et al., 2017) . Radiation use efficiency (RUE) is modeled as being dependent on atmospheric CO 2 concentration. RUE values are adjusted for ambient vapor pressure deficit and calculated by the daily intercepted photosynthetically active radiation to estimate potential biomass accumulation (Erickson, 1993) . Potential biomass is primarily calculated from measurements of active radiation availability for photosynthesis, photosynthetic efficiency, and vapor pressure deficit on a daily basis and is adjusted to actual biomass through stress factors related to temperature, water, soil, aeration, and nutrients. In the present study, potential biomass for day i of the year is described as follows:
where DM = daily potential increase in biomass (t ha ) LAI = leaf area index (-) CO 2 = atmospheric CO 2 level (ppm) a and b = crop parameters relating RUE and CO 2 (a = 5.543 and b = 0.001442), which are calculated analytically as described by Stockle et al. (1992) and Leakey et al. (2006) . The relationship between RUE and CO 2 using equation 3 is shown in figure A1 in the Appendix. Crop yield is estimated as the proportion of economic yield to total actual aboveground biomass at maturity, referred to as the harvest index. The final crop yield is adjusted according to the plant stress factors related to climate, soil properties, and crop management regime. Crop yield is estimated by using the harvest index and plant stress factors concept as follows: ), and U o is the optimal N or P content for the corn (kg ha -1 ) SAT = saturation factor: SAT = 100.0(ST/PO -CAF) / (1.0 -CAF), where ST is the water content minus field capacity of the top soil (mm), PO is the porosity minus field capacity of the top soil (mm), and CAF is the critical aeration factor (CAF = 0.85). The model computes evaporation from plants and soils separately. Plant water evaporation is simulated as a linear function of potential evaporation and LAI (Williams, 1995) . Actual soil water evaporation is estimated by using exponential functions of soil depth and water content. The PenmanMonteith method is used for estimating plant water evaporation and the effects of CO 2 changes in the present study and is expressed as follows:
( ) 
where
where E a is saturation vapor pressure at mean air temperature (kPa), and RH is relative humidity (-) U 10 = mean wind speed at 10 m height (m s 
). Potential soil water evaporation for a layer is estimated by taking the difference between total potential soil water evaporation values at the layer boundaries:
). EV Z = total potential soil water evaporation (mm d ). The depth-distributed estimate of soil water evaporation is reduced if soil water is limited in a layer. The final step in adjusting the soil water evaporation estimate is to ensure that the soil water supply is adequate to meet the demand. The adjusted soil water evaporation (ASE, mm) is determined as follows:
where SEV l ′ = adjusted soil water evaporation estimate (mm d The automatic heat unit schedule (HUS) was determined as follows: (1) determination of heat units (HU) (calculated from daily temperatures above a base temperature threshold) and potential heat units (PHU) (calculated by accumulating daily temperature above a base temperature threshold, summed over all phenological stages under present planting operation); (2) calculation of HU/PHU values on current planting dates; (3) establishment of planting date based on HU/PHU values obtained from (2) under future climate conditions; and (4) harvesting date is set when HU/PHU equals 1.15 (Balkovič et al., 2013) . It was assumed that HUS oper-ation in a warmer climate will occur earlier compared to present climate conditions.
PRESENT METEOROLOGICAL FORCING DATA
Simulation by the EPIC model requires six daily meteorological forcing datasets: minimum and maximum air temperature at 2 m above the ground surface, precipitation, solar radiation, relative humidity, and wind speed. These forcing datasets were obtained for the period 1999-2010 (baseline period) from a global meteorological forcing dataset for land surface modeling (Sheffield et al., 2006) , which was constructed with a 0.25° spatial resolution by combining a suite of global observation-based datasets with NCEP/NCAR reanalysis.
STATIC DATA
Reported corn yields at the county level from 1999 to 2010 were obtained from the USDA National Agricultural Statistics Service (USDA, 2014) . This dataset contains annual irrigated and rainfed corn yield for each county. Soil inputs and corresponding hydrological properties are required by the EPIC model in the process of simulating soil water dynamics. Soil physical and chemical property data, including bulk density, sand/silt/and clay contents, pH, sum of the bases (Ca + Mg + K + Na), base saturation, organic carbon concentration, calcium carbonate content, and cation exchange capacity, were obtained from the Harmonized World Soil Database (FAO, 2012) .
The principal field management practices data required by the EPIC model include planting and harvesting dates; irrigation operation dates, amounts, and times; and fertilizer application dates, amounts, and times. Planting and harvesting dates data were obtained from the USDA at the state level (USDA, 2010). Irrigation schedules have a large impact on crop growth; however, the availability of detailed information relating to operation schedules is very limited. In this study, rainfed and irrigated regions were simulated separately using the annual harvested area of irrigated and rainfed corn obtained from Portmann et al. (2010) . Irrigation occurred on days when the ratio of dry biomass produced to potential corn production, given adequate water, fell below 1. In other words, if the area equipped for irrigation, expressed as a ratio of the total area, was 1, then there was no water stress. Irrigation water was applied between the minimum (20 mm) and maximum (50 mm) volumes allowed for automatic irrigation in a single application. The amount and timing of applied nitrogen (N) and phosphorus (P) fertilizer for each grid cell during the growing period was determined by the RUSLE2 database, version 2.5.9.0 (USDA, 2016). The total amounts of N and P during the growing period never exceeded the values obtained from Mueller et al. (2012) .
MODEL PARAMETER OPTIMIZATION
The MOCOM-UA optimization method is based on the strengths of the complex shuffling strategy, competitive evolution, Pareto ranking, and the multi-objective downhill simplex search. Detailed descriptions of the MOCOM-UA algorithm, including multi-objective downhill simplex search (MOSIM) can be found in Yapo et al. (1998) and Tatsumi et al. (2016) .
The use of more calibration parameters rather than fewer can contribute to a reduction in uncertainty and an increase in the number of the best attainable parameter values obtained, but it comes with a heavy computational cost. Therefore, efficient selection of calibration parameters is important to enable accurate modeling of corn yield with a reasonable computational load. Two parameters important for simulating corn growth were optimized using MOCOM-UA to match the behavior of the real agricultural system: biomass-energy ratio (BE) and harvest index (HI) (Xiong et al., 2014) . The domains of these calibrated parameters and other key parameter and input values are given in table A1 in the Appendix.
Automatic optimization procedures typically need an objective criterion that is efficient in searching for the best parameter values for crop models to optimize a given objective function. In the present study, the targeted parameters were simultaneously calibrated using four objective functions to emphasize the minimization of errors of the average and the maximum yield over the simulation periods (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) , and the inter-annual variation of simulated yield against reported yield, in a multi-objective context using MOCOM-UA. The objective functions were defined as follows:
where S avg and O avg are the means of the simulated and reported annual corn yields over the simulation period, respectively, S t and O t are the yearly simulated and reported yields in the corresponding year t, respectively, and S max and O max are the maximum simulated and reported yields in the simulation period, respectively. The number of years included in the simulation (N) was 12 in the present study. The multiobjective problem for the optimization process was defined as follows:
where F(θ) is the multi-objective vector, and θ denotes the optimized parameters. The predictive combination of the four parameters, which is defined as the minimum uncertainty in the parameters that can be achieved without stating a subjective relative preference for minimizing one specific competent of F(θ) at the expense of another, was selected based on the minimization of F(θ). In this study, the number of initial and final parameter sets were both set to 120, taking into account the computational load. The initial parameter set was randomly assigned across a generated population size of 120, with values drawn from a standard normal distribution. The detailed algorithm for the parameter optimization used in this study can be found in Tatsumi et al. (2016) . After the crop model was calibrated and validated for the U.S. region, crop yield simulations were implemented using each final parameter set and multi-GCMs for the 2050s and 2070s for future climate scenario.
FUTURE METEOROLOGICAL FORCING DATA AND CLIMATE CHANGE SCENARIO GENERATION
The climate change GCM projections were obtained from WorldClim -Global Climate Data (www.worldclim.org; Hijmans et al., 2005) . Future meteorological forcing data for the 2050s and 2070s were obtained from WorldClim at 30 s spatial resolution. These data are based on Coupled Model Intercomparison Project Phase 5, and original GCM outputs assessed by the Intergovernmental Panel on Climate Change (IPCC) 5th Assessment Report (AR5) climate projections were downscaled and calibrated by bias correction as a baseline current climate. In the present study, emission paths RCP8.5 (the highest-emission scenario, seventeen GCM members) (table A2) were used to simulate the impacts of projected climate change on corn yield. Detailed descriptions of this scenario are given in van Vuuren et al. (2011) .
Monthly average minimum and maximum temperature and monthly total precipitation anomalies from GCMs were calculated relative to the baseline period per Sheffield et al. (2006) and were applied to this baseline while conserving observed variability (Gerten et al., 2011; Waha et al., 2013) . Linear interpolation was used to calculate daily minimum and maximum temperatures from monthly average minimum and maximum temperatures. Daily precipitation data were provided by a weather generator (Geng et al., 1986) that distributes monthly precipitation to the number of days with precipitation >10 mm d -1
and maximum wet spell duration (daily rainfall >0.1 mm) in a month, considering transition probabilities between wet and dry phases (Gerten et al., 2004; Waha et al., 2013) . These precipitation indices were assumed constant at their average value from the baseline period. Geng et al. (1986) showed that the expected number of wet days and daily total precipitation from this weather generation method are generally very similar to observations in various regions. The Mountain Microclimate Simulation Model (MTCLIM) was used for estimating daily solar radiation and relative humidity (Thornton and Running, 1999; Thornton et al., 2000; Bohn et al., 2013) .
To account for the effects of increased CO 2 concentrations on corn yield, CO 2 levels of 545 ppm (2050s) and 682 ppm (2070s) were used for the RCP8.5 scenario (Meinshausen et al., 2011) . Simulations for the baseline period (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) and simulations without CO 2 effects were run with a CO 2 concentration of 380 ppm, the value for the year 2005.
The corn yield was calculated for each grid cell by weighting the proportion of the rainfed and irrigated crop area obtained from Portmann et al. (2010) as follows:
where S j is the simulated corn yield in grid cell j, S r,j is the rainfed yield in grid cell j, α j is the ratio of rainfed area to total crop area in grid cell j, S i,j is the irrigated yield in grid cell j, and N is the total number of grid cells (N = 2,586). Next, the county-level corn yield was estimated as a weighted average: 
RESULTS
REPRODUCIBILITY OF CORN YIELD
The optimized ensemble mean RUE and HI values obtained using the final parameter sets are presented in figure  A2 . The difference in corn yield between the simulated ensemble mean yield obtained using the final model parameter sets and the average reported yield for the period 1999-2010 is presented in figure A3 . The temporal ensemble mean simulated and reported yields for the period 1999-2010 are shown in figure A4 . The spatial pattern of simulated yield is generally consistent with the pattern of reported yield, and the differences in yield are within ±2 t ha -1 in almost all regions. The spatial averaged RMSE is 1.91 t ha -1 . However, the simulated yield tends to be underestimated in the Corn Belt, particularly in Illinois, Iowa, and Minnesota, and in the lower Mississippi River Valley in the southern U.S. On the other hand, yield is overestimated in areas with relatively lower reported yields in the eastern U.S. and western Corn Belt. The coefficient of determination between simulated and reported yields during the period 1999-2010 for each state is 0.36 (p < 0.05; two-tailed probability) (figs. A5 and A6). Although the reproducibility of the interannual variability of yield is low compared with the reproducibility of the long-term average yield, mainly due to lack of reliable information about fertilizer applications, soil, and agricultural management, these results demonstrate that, with the use of the converged optimal model parameter sets obtained using MOCOM-UA optimization, the EPIC model is sufficiently accurate to perform an analysis of the impact of climate change on corn yield at the continental scale.
CLIMATE CHANGE IMPACTS ON GROWING PERIOD AND WATER ENVIRONMENT
Changes in temperature and precipitation compared to the baseline period have a significant impact on crop growth and physiological development (Muchow et al., 1990) . The sim-ulation results show a decrease in growing period (GP) in almost all regions in both future periods under the RCP8.5 scenario ( fig. 1a; table 1 ). GP changes from 138.2 days for the baseline period to 123.0 and 120.0 days for the 2050s and 2070s, respectively, averaged over areas currently under corn cultivation. The large predicted shift to shorter GP is especially remarkable in the northern part of the U.S. In the north-central portion of the U.S. Corn Belt, GP decreases by more than 20 days in both future periods.
Evapotranspiration (ET) during GP, which is derived using the Penman-Monteith equation, depends on temperature, humidity, solar radiation, wind, and total leaf area. In spite of a shortened GP due mostly to rising temperatures, the simulated ET during GP increases in almost all regions except for the southern U.S. under the RCP8.5 scenario ( fig. 1b;  table 1 ). Evapotranspiration increases by 29.4% in the 2050s and 40.1% in the 2070s without CO 2 effects (table 1). When simulations were made considering CO 2 effects, ET increases by 21.0% in the 2050s and 22.5% in the 2070s. The increase in ET is higher in mid-latitude and high-latitude regions than in low-latitude regions with and without CO 2 effects, which is a result of relatively large increases in minimum and maximum temperatures compared to the present climate condition. The presence of CO 2 effects reduces the projected increase in ET by 6.5% (2050s) and 12.6% (2070s), mainly due to stomatal closure. Under the RCP8.5 scenario, water use efficiency (WUE), which is defined as the crop yield per unit of ET during GP, decreases compared to WUE under present climate conditions, assuming no change in crop cultivars, because of increases in ET and decreases in yield ( fig. 1c; 
YIELD CHANGES IN FUTURE CLIMATE SCENARIOS WITH AND WITHOUT CO2 EFFECTS
The results of the present study suggest that corn yields in almost all regions are sensitive to climate change and CO 2 effects. Projections of U.S. relative yield changes differ substantially not only between both future periods but also between simulations with and without CO 2 effects ( fig. 2) . Significant yield reductions are expected in the RCP8.5 scenario and in both periods in almost all regions, with these reductions somewhat offset by CO 2 effects (figs. 2 and 3).
In the 2050s, future climate change across multi-GCMs without CO 2 effects has a negative impact on yield, ranging from 10.0% to 32.4% (average 18.9%). On the other hand, when considering CO 2 effects, decreases in yield vary from 1.8% to 25.3% (average 11.1%). In the 2070s, the decrease in ensemble corn yield is 26.3% without CO 2 effects and 15.0% with CO 2 effects. The negative impacts of climate change and the standard deviations of yield across multiGCMs increase over time ( fig. 2) . Increased CO 2 concentrations result in higher yields, but the negative impacts due to increased temperatures outweigh the CO 2 -fertilization effect.
SPATIAL DISTRIBUTION OF CHANGE IN YIELD
When using a multi-GCM ensemble, the relative changes in simulated corn yield under the RCP8.5 scenario with and without CO 2 effects are negative in most grid cells and exhibit a geographic distribution along broad latitudinal bands ( figs. 3 and 4) . The state-level corn yield decreases by 1.6% to 37.4% for the 2050s and by 5.7% to 43.5% for the 2070s relative to the baseline period without CO 2 effects (table  A3) . Simulation results without CO 2 effects indicate relatively strong negative effects of climate change on corn yield, especially with large temperature changes in the 2070s. When the CO 2 effects are included, there is a smaller reduction in yield compared to the effects of climate change alone. Although the yield decreases by as much as 20% throughout most of the corn-growing region, especially in low-latitude and mid-latitude regions, CO 2 effects mostly offset the negative impacts of climate change in some highlatitude regions (fig. 4) .
For the RCP8.5 climate scenario, the most significant negative changes in yield are found south of latitude 40° N, a region with life-cycle shortening and increasing temperature stress. The relatively lower yield decreases in high-latitude regions, most likely due to a reduced occurrence of lowtemperature stress during GP under warmer-than-current conditions. Conversely, low-latitude and mid-latitude regions tend to experience greater reductions in yield due to higher temperatures. Moreover, significant temperature stress occurs in almost all regions for the 2070s.
DISCUSSION ADAPTATION TO CLIMATE CHANGE
The primary conclusion of this study was that the GP is shortened under climate change. The cause of the decline in WUE (table 1) is mainly the increase in evapotranspiration due to a hotter environment. Higher temperatures in the future tend to shorten phenology duration and decrease corn yield, mainly because of a shorter growing period that decreases the duration of photosynthesis. In this study, yield decreases were demonstrated for the 2050s and 2070s under the RCP8.5 scenario because the rising temperature caused a more rapid temperature accumulation, hastening phenological development, creating greater evaporative demand, and shortening the time to crop maturity. The average corn yield would decrease compared to present conditions if the planting date did not change under the RCP8.5 scenario. Corn growers in the U.S. can respond to climate change by the advancing planting date, and a shift in preferred planting from April-May to March-April may occur. Based on the simulated outcomes, advancement of the planting date by two weeks was shown to mitigate the reductions in yield of 8% in the 2050s and 23% in the 2070s under the RCP8.5 scenario with and without CO 2 effects, in comparison with the results obtained with the current planting date. Advancing the planting date by two weeks was also shown to lead to higher crop-available water, with 8% in the 2050s and 12% in the 2070s under the RCP8.5 scenario, in comparison with the results obtained with the current planting date. Moreover, corn-growing regions would change with future climate change, possibly shifting northward in response to less favorable conditions at the southern boundary.
Some discussion of the implications of this adaption for total corn yield production would be helpful. After all, a shift in the life cycle of a crop cultivar by moving northward or by genetic modification (e.g., new varieties with heat stress tolerance, and longer-maturing cultivars) and advancing the planting date can help focus efforts on the decrease in evapotranspiration and prevent excessive reduction of the cultivation period. Adaptation measures in the agriculture sector that address food insecurity need to increase productivity, as well as avoid yield reduction. This approach will help farmers adapt to climate change and increase their corn yields. In particular, for an existing cultivar with a longer cycle, moving it northward can be easily done for most locations and is one of the most promising potential adaptations.
UNCERTAINTY OF CHANGES IN YIELD Climate Change Impacts
Increasing temperatures shorten the plant growing cycle and the duration of the reproductive phase, causing a reduction in corn yield (Muchow et al., 1990) . Muchow et al. (1990) showed that simulated yields in the central Corn Belt decrease by 5% to 8% per 2°C temperature increase. Runge (1968) reported that observed corn yields are affected by interactions between maximum daily temperature and rainfall from 25 days before to 15 days after anthesis. Izaurralde et al. (2003) indicated that dryland corn yields in the Corn Belt are predicted to increase by about 8.3% in the period around 2095 with CO 2 effects under HadCM2 scenarios. Including the historical study described at the beginning of this article (Izaurralde et al., 2003) , some previous research is not consistent with the findings of the present study. Therefore, multiple GCM outputs are needed to accurately conduct crop yield simulations.
In the present study, the standard deviations of the change in yield over all seventeen GCMs, which indicate the degree of uncertainty in the multi-GCMs, increase over time with and without CO 2 effects. In other words, although the magnitude of the change in yield varies widely across all GCMs, the probability that yield will decrease is relatively high (fig. 5) . When the effect of elevated CO 2 is considered, the probability of a yield decrease (increase) in high-latitude regions decreases (increases) compared to not taking into consideration CO 2 effect ( fig. 5) . GCM outputs have a wide range of uncertainty; therefore, studies of estimated climate change impacts using a single GCM or a few GCMs depend strongly on the model structure, scenarios, and initial conditions included in the GCM or GCMs (Rosenzweig et al., 2014) . For example, even if a yield increase is predicted using a single GCM, the use of different GCMs may predict a decrease in yield. Therefore, yield simulations using multi-GCMs, as well as the optimization of model parameters, can help in the comprehensive consideration of uncertainties in future climate projections. Moreover, using multiple crop models will produce a more robust prediction of potential climate change impacts because there is considerable uncertainty in crop model predictions, especially in relation to the effects of climate change. 
Yield Responses to CO2
The quantitative effects of rising CO 2 concentrations on wild plant growth remain unclear (Reich et al., 2014) . There are inconsistent reports on the effects of elevated CO 2 on corn yield, varying from little positive effect (Ghannoum et al., 2000; Leakey et al., 2004) , to no effect (Kim et al., 2007) , or a yield increase of 50% (Prins et al., 2007; Vanaja et al., 2015) . In general, the effects of higher CO 2 concentrations tend to counteract the negative impacts of rising temperature and reduced soil moisture (e.g., Hatfield et al., 2011; Lobell and Gourdji, 2012) . Higher CO 2 concentrations reduce the stomatal openings of both C3 and C4 crops and transpiration per unit leaf area while enhancing photosynthesis. As a result of these complex interactions, higher CO 2 concentrations would have the benefit of reducing stomatal conductance (Lammertsma et al., 2011) , thereby increasing WUE by reducing transpirational water loss of crops (table 1) . Moreover, CO 2 -fertilization effects may reduce the nutritional quality of crops, reduce nitrate assimilation, and lower the protein concentration (Taub et al., 2008) . Parry et al. (2004) showed that corn yield increases by approximately 0.02% to 0.03% for a 1 ppm increase in CO 2 concentration. Using values for C3 grains, Lobell and Gourdji (2012) suggested that a likely value for the change in yield per 1 ppm change in CO 2 concentration is 0.07%, and the plausible range is 0.05% to 0.09% based on an extensive review of previous simulation studies. In the present study, CO 2 effects cause an approximately 0.04% to 0.05% increase in yield per 1 ppm increase in CO 2 concentration under the RCP8.5 scenario between the present time and the future.
The projections of future corn yields in the present study used a model that accepted that rising CO 2 will directly affect photosynthesis and, therefore, may likely be overly optimistic. These results, such as the positive effects of higher CO 2 concentration, are consistent with previous modeling research, although the reported results of CO 2 effects in the scientific literature vary widely because of differences among models in their assumed parameters. A variety of techniques can assess CO 2 effects on crop yield, but all of these techniques have considerable uncertainty in their results. Model parameterization, especially the RUE-CO 2 curve and ET-CO 2 response, would have to be updated to account for uncertainty about the corn response to CO 2 . Therefore, experimental and theoretical research related to CO 2 effects on crop growth is important for further advancement of crop modeling.
LIMITATIONS OF THE PRESENT STUDY
Generally, the accuracy and reliability of the simulation results obtained in the present study depend heavily on the accuracy of the model input parameters. However, this study does not consider fertilizer management, farmers' production decisions, and future technology improvements related to breeding and agronomy. In reality, field operations and production methods depend on individual farmers, and their management decisions, in turn, depend on several factors, such as weather conditions, food supply and demand, market forces, and traditional culture. In addition, uncertainties about the further mechanization of corn farming and other labor-saving developments also contribute to the uncertainty of the present results. Assumptions made for the model simulations in the present study could cause differences between simulated and reported yields. Uncertainties still exist regarding the effects of climate change, CO 2 , and technology development, as well as their interactions, on crop yield. Nonetheless, the analysis by the optimized model in the pre- sent study provides better information than previously available to analyze the effects of climate change and CO 2 on corn yields, and it enables discussions of these yields in regard to food security and production within the conceptual framework of future climate scenarios.
CONCLUSION
This detailed analysis of the effects of climate change impacts and increasing CO 2 concentrations on corn yield in the U.S. by a crop model using multi-GCMs reached the following conclusions: 1. Simulations for the RCP8.5 future climate scenario resulted in the growing period (GP) shortening by 15.2 days in the 2050s and by 18.2 days in the 2070s compared to the baseline period. Despite the shortened GP, which was caused by higher minimum and maximum temperatures, evapotranspiration (ET) during the GP substantially increased in almost all regions, except for the southern U.S., and the magnitude of the ET increase was smaller with CO 2 effects than without CO 2 effects. Water use efficiency (WUE) decreased compared to present climate conditions due to increases in evapotranspiration and decreases in yield, and the largest decrease in WUE was for the 2070s without CO 2 effects compared to the other scenarios and periods. 2. Results for simulations with multi-GCMs indicated negative effects of climate change on yield in almost all regions under the RCP8.5 scenario and for both periods. Especially strong negative effects were predicted for regions south of latitude 40° N due to less optimal growing conditions compared to the baseline period. Conversely, smaller negative impacts were predicted for high-latitude regions due to better growing conditions caused by larger temperature changes compared to low-latitude and midlatitude regions. However, temperature stress was notably present in almost all regions for the 2070s under the RCP8.5 scenario. Future CO 2 concentrations increased corn yield compared to the yield predicted without CO 2 effects, but the negative impacts of increased temperature fully outweighed the increases by the CO 2 -fertilization effect in almost all regions. Projections of future climate change are highly uncertain. Therefore, the use of multi-GCMs for assessments of climate change impacts is essential not only for considering particular scenarios and bounding-case scenarios, but also for conducting a synthetic study of uncertainties in GCMs. Table A1 . Initial parameters and inputs used in EPIC for corn yield simulations (biomass-energy ratio and harvest index were calibrated).
APPENDIX
Parameter Symbol Domain Source Biomass-energy ratio (kg MJ -1 ) BE Table A2 . GCMs used for analysis in this study. "Lat" and "Lon" are the latitudinal and longitudinal spatial resolutions (°) of the models. 
